INTRODUCTION
The advent of high-throughput microarray technologies has paved the way for large-scale characterization of the expression of thousands of genes as well as proteins simultaneously on a single chip [1, 2, 4, 5] . These technologies have made it possible to tackle long-standing challenges associated with the study of genetics and complex cellular control systems. Because of the fundamental nature of the biological processes in a living cell, changes in the cellular environment result in the co-regulation and coexpression of many genes and proteins [3] . Proper and efficient analysis of the resulting large number of genomic and proteomic data sets requires the development of robust mathematical algorithms and statistical models. These models help researchers extract valuable information from the large data sets and provide insight into how regulatory information is processed in the living cell by identifying functional roles for the participating genes and proteins.
There are numerous examples of computational modeling applications in the study of biochemical systems [6] [7] [8] [9] [10] [11] [12] . One of the earlier methods suggested involves the mechanistic "bottom-up" approach used to build a biochemical network with the data obtained from specially designed experiments [13] . Reaction kinetic parameters, which are required for a kinetic network model, are either obtained from the literature or estimated from appropriate experimental data [12] . The "bottom-up" approach requires that molecular processes be considered exhaustively, resulting in a network structure, which while physically accurate, suffers from two major problems: the need to determine a large number of parameters, and its inability to discover new interactions.
Unlike the "bottom-up" approach, top-down/modular analysis does not require complete information on the molecular interactions and has proven advantageous both for discovering unknown interactions and for estimating unknown kinetic parameters [14, 15] . Such techniques include clustering of genes and other statistical algorithms based on similarity in expression profiles [16] [17] [18] [19] [20] . Associations found among genes, however, did not reveal magnitude and direction of functional interactions between them [15] . Methods based on Boolean networks, where genes and proteins are either "ON" or "OFF" have been postulated to reveal the interactions between them [21] . While these approaches reveal the functional interactions qualitatively at a macroscopic level [22] , they lack detailed quantitative information on the biochemical reality of cellular regulation [23] .
Other steady-state reverse engineering methods include ARACNE [24] and the methods that are based on Dynamic Bayesian Networks (DBN) to quantify the network interactions [25, 26] . The ARACNE method does not require perturbations, but it is less informative and precise than the DBN methods [25, 27] . However, a comprehensive model of chemical reactions that directly provides the structure of a biochemical network is desirable [28] .
The present work is based on the so-called "top-down" approach to inferring the network interaction map that was recently proposed [29] . In this approach, the sensitivity analysis is used to relate the output properties of a model biochemical network to the changes in its reaction parameters. These changes in the reaction parameters also known as systemic perturbations are generally applied to mathematical models of gene networks in order to mimic responses that would otherwise have had to be obtained experimentally through the use of antisense RNA to silence specific genes or by introducing an external ligand or an enzyme. Theoretically, perturbations applied to the network are considered to be of infinitesimal size; in practice, they are finite. Similarly, the reverse engineering method proposed in [30] is based on steady state responses to perturbations. This method, however, requires both the size of perturbation applied and the steady state measurements of mRNA concentrations (for an in-depth comparison of methods proposed in [14, 30 and 31] see Ref. [32] ).
Our approach is modular (Figure 1) , where a functional module is defined as an entity of known/unknown genes, proteins or metabolites, grouped together and internally connected by complex physico-chemical interactions [14, 33] . Without prior knowledge of the network architecture, known species may be grouped in the simplest possible way to form modules. The design of the modules need not be rigid: a module may contain mRNAs of a specific gene or a cluster of genes connected by regulatory elements in the signaling pathway. The modular approach endows the individual network units that execute one or more biological function with functional independence [14, 33] . Although several known and unknown complex inter-modular interactions might exist, only one inter-modular interaction is considered, and therefore only one output/communicating intermediate per module is selected in the present work. In practice, this selection is based on the available experimental data. For a transcript/protein expression profile, mRNA/protein species form the communicating intermediate. Thus, the modular approach reduces the number of species to be assayed without having to be concerned about the intra-modular interactions explicitly [33, 34] . Physically no mRNA directly affects another mRNA and the proteins and metabolites present in the biochemical network function as intermediate agents [29, 35] . Gene networks based on gene expression alone are thus concise representations of various interacting species [15] .
In order to benchmark the modular approach, it is applied to a mechanistic detailed transcript regulatory network [36] (Figure 2 ). In this model, gene regulation takes place via several transcription factors and proteins in the biochemical network. Figure 2 shows the binding of transcription factors to the promoters and the consequent formation of mRNA through the transcription process, followed by the translation of mRNA to protein. Translated proteins dimerize and then function as transcription factors in the transcriptional regulatory mechanism. This mechanism forms the basic structure of each of the four regulatory motifs, which were assembled to construct the ten-gene network.
For instance, the dimer D2 activates the promoter of gene E (PE) to form the dimerpromoter complex D2-PE, which facilitates the formation of the transcript ME. In another instance, the ligand bound to protein E activates the promoter of gene F and forms the active promoter of gene F (EQ-PF), which in turn helps in the formation of the transcript MF. Each regulatory motif in the network is a cluster of two to four interacting genes whose topology and reaction parameters were obtained from the literature. The four regulatory motifs used in the construction of the ten-gene network were: (a) gene cascade, (b) mutual repression, (c) auto-activation and sequestration, and (d) agonistinduced receptor down-regulation.
In our benchmarking study, we were interested in the scalability and accuracy of the modular approach. To test scalability, we first implemented the approach using the agonist-induced receptor down-regulatory motif (shaded region in Figure 2 ), which is a network of three genes and a subset of the full network. Subsequently, we applied the approach to the complex ten-gene regulatory network and identified the conditions under which the majority of the interconnections could be uncovered. For cases where the modular approach was unsuccessful, we sought the root cause and provide guidelines for its general application. Since the true underlying network was known for these in silico networks, it was possible to estimate the accuracy of the reverse engineering approach.
Benchmarking the modular analysis in this way is an important step that will aid the interpretation of results obtained from applying it to experimental data. Although detailed gene regulatory networks have been published for some systems [3, 46, 47] , it is impossible to be certain whether the inferred network matches the true underlying network without extensive experimental validation. For this reason, we feel that computational benchmarking plays an indispensable role in the development and application of the modular approach.
METHODS

Modularization of the gene regulatory network and selection of the communicating intermediates
An application of the modular approach to the agonist-induced receptor down-regulatory motif resulted in the three modules shown in Figure 3 . In our modular design, a functional module consisted of a gene, its promoter, and products (transcription factors).
The species, once grouped into specific modules, were not repeated in other modules. mRNA and protein species from each module was selected one at a time as a module output/communicating intermediate. Mass flow between the communicating intermediates was considered to be negligible. A system of differential equations consisting of 12 variables and 32 parameters (Appendix 5.1 and 5.2) was used to simulate the dynamic behavior of a three-gene motif. Subsequently, the modular approach was applied to a larger ten-gene regulatory network.
Calculation of a local response matrix/network interaction map
Initial conditions for all the variables in the model biochemical system were defined and then the system was allowed to reach equilibrium. A biochemical network, when perturbed, attains a new steady state different from the one before perturbation.
Therefore, steady state activities of the communicating intermediates were computed to have reference activities before the application of perturbation. The reaction rates were changed by 10% (in practice, such finite perturbations are feasible as opposed to infinitesimal perturbations) to simulate the experimental perturbations. The number of perturbations was always equal to the number of communicating intermediates in the present work. Following this, the new steady state activities of the communicating intermediates were computed. The fractional changes in the steady state of the communicating intermediates before and after the application of perturbation were calculated using equation 1 to obtain the system response matrix. Local response matrix
System response matrix
The elements of the r-matrix are dimensionless coefficients obtained from the Jacobian matrix normalized by its diagonal elements [29] . Thus the r-matrix contains only the firstorder sensitivities and biologically it represents the direct effect of one communicating intermediate on the other, with the remaining species mediating in the network module.
Each coefficient r ij quantifies the strength and nature (stimulatory/inhibitory) of the corresponding network interaction, and when | r ij | ≥ 0.1 the interaction is considered to be significant.
In silico testing of the predicted network
The network interaction map was determined on the basis of finite parameter perturbation applied to each of the network modules. We tested the accuracy of this prediction against the known ("theoretical") interaction map r. The connection coefficient r ij quantifies the fractional change (∆x i / x i ) in the activity of communicating intermediate x i of module i brought about by the change (∆x j / x j ) in the activity of communicating intermediate x j of module j (in the limit of infinitesimal changes) when modules i and j are conceptually considered in isolation of the network [14] . Using this definition, the coefficients r ij were calculated by applying a 1% perturbation to communicating intermediate x j [14] .
CASE STUDIES
Three-gene network
In the first case study, the reverse engineering method was applied to a three-gene model.
Two scenarios were simulated in our in silico studies: (1) assuming that gene expression data (mRNA concentrations) were monitored experimentally, the network was conceptually modularized with mRNA species as communicating intermediates, and perturbations were applied to mRNA degradation rate constants; and (2) assuming that protein expression data were monitored experimentally, protein species were considered as communicating intermediates in the modularized scheme, and protein degradation rate constants were perturbed. In either case, a finite perturbation of 10% increase in magnitude was applied. The network interconnections recovered for the two scenarios after applying the reverse engineering approach are shown in Tables 1a and b . The perturbation effect of a gene on the remaining genes is illustrated by the r-values down the column corresponding to that gene in the 3×3 interaction map. For example, in the case where mRNA levels were used, module D had an inhibitory effect on module E (rvalue = -0.92), while module D had no effect on module F (r-value ~ 0). In both scenarios, similar results were obtained: we found that module D inhibited module E, module E stimulated module F, and module F stimulated module D. The directionality of these interactions was in agreement with the topology of the true network. Furthermore, the interaction magnitudes that we recovered were very close to the theoretical values (Table 1c) . Details for computing the theoretical r-values are given in Appendix 5.3.
These results demonstrate that the modular reverse engineering approach described above successfully identified the three-gene network for the two scenarios considered using 10% perturbations. 
Ten-gene network
Following the three-gene network example, we simulated scenarios for the ten-gene network for which both mRNA and protein data were assumed to be available experimentally, and the modules and communicating intermediates were defined accordingly. As before, perturbations to the communicating intermediate degradation rate Table 2c for the case where mRNA species were used as communicating intermediates. For the simple three-gene network, the entire network interaction map was identified accurately. For the more complex ten-gene network, however, some of interactions were identified incorrectly. For example, when mRNA measurements were considered (Table   2a) , the regulatory effect of module A on module B was very weak and insignificant using our threshold (r < 0.1). In the actual network, module A positively regulates module B. Also an inhibitory effect of module B on module C with connectivity strength of -0.15 was observed (Table 2a) , when in fact module B does not directly regulate module C. Lastly, the effect of module C on module D was not significant (r < 0.1), when in reality modules C and D are co-repressive. These results demonstrate that the reverse engineering approach may not identify network interactions accurately when applied to systems as complex as the ten-gene network. The following sections examine the causes of the incorrect interactions and identify possible remedies.
Violation of assumptions by unknown protein-protein interactions
Following the modular design, a gene, its promoter and products were grouped into a functional module. However, while grouping known network species, certain a-priori unknown hetero-dimers that are formed by protein products of two different genes were not considered. In the ten-gene regulatory network analyzed, the hetero-dimer AB is a product of two genes A and B. Since the presence of the hetero-dimer AB was not known and hence not taken into consideration, this led to a marked difference between the connection-coefficients of mRNAs and proteins for modules A and B. On the contrary, if the presence of the hetero-dimer AB was known, we could include both genes A and B
and their products into a single module. The development of a network inference approach that could determine a-priori which measurements are derived from heterodimers in a single module or involve hetero-dimers between the proteins of separate modules would be an important achievement for the Systems Biology.
It follows from Table 2a that (Table 2b) . rise to a negative r-value. We noticed that the mRNA interaction map was inadequate to quantify the network connectivity but the protein interaction map greatly added to the information. Extrapolation of the protein expression levels from the experimentally acquired and quantified mRNA data is not feasible [37] . In conclusion, analyzing both mRNA and protein expression data provided a better insight to the network connectivity [38] .
Detection of an indirect interaction
From the previous discussion, we know that module B has an inhibitory effect on module A and the calculated interaction map illustrated that module A has a stimulatory effect on module C. Combining both of these effects; module B might have an inhibitory effect on module C (Figure 7 ). An indirect interaction between modules B and C from the mRNA interaction map with a regulatory strength of -0.15 was observed, i.e. B influenced C only through its influence on A (Table 2a) .
Variation of the perturbation size helps unravel network interactions
In gene networks, saturation of the promoter regions by transcription factors might require large perturbation magnitudes to see detectable changes in the network responses.
For instance, connections between modules C and D in the ten-gene regulatory network could be revealed by application of large perturbations. Indeed, from the known model, it is apparent that modules C and D are mutually repressive. However, the r-value indicating the effect of module C on module D was not consistent with the known model (Table 2a and 2b) i.e., the perturbation to module C did not reveal its direct effect on module D. When analysis at the molecular level was done, it was observed that the concentrations of protein C and dimer C 2 increased with increasing concentration of MC (Figure 8 ). However, the concentrations of mRNA MD and protein D remained constant.
Also, it was observed that with an increase in the concentration of mRNA MC, the concentration of dimer-promoter complex C 2 PD increased exponentially and reached the saturation value of two (due to saturation of the promoter region of gene D, Figure 9 ).
The hypothesis made was that gene D might be regulated by many other genes and as a result its promoter region was getting saturated. To test this effect, C and D modules were separated from the larger ten-gene network and perturbation size ranging from 1 to 99% decrease in mRNA degradation rate constant was applied. As the magnitude of perturbation increased to 99% (reduction in mRNA degradation rate constant), the response co-efficient increased to -0.36 (Table 3) . 
DISCUSSION
In engineering systems, complexity involving redundancy, feedback loops and modular organization provides robustness, stability and reliability [13] . The analysis and prediction of the behavior of complex biological systems analogous to such engineering systems requires understanding molecular level properties and interactions [34] . Highthroughput experimental datasets reveal the effects of lower level molecular mechanisms on cellular function [15] . Thus scalable and accurate computational models that predict network interactions from the high-throughput experiments are required. Biological network models have generally been based on mathematical frameworks that describe topological connections [3, 15, 39, 40] , or describe the complete dynamic behavior of the system [8, 12] . The former approach is often based on correlations between expression profiles and is typically unable to determine the strength and direction of network interactions. The latter is often formulated in terms of differential equations with the objective of integrating experimental data with the models to quantitatively unravel network properties [41] .
An "unraveling" algorithm based on sensitivity analysis combined with modularization concepts was recently proposed to quantify the strength of network connections from experimental data [14, 29, 31] . The output of the algorithm is interaction map/network connectivity, with elements that represent the direct effect of one network species on another when subject to individual perturbations and holding the concentrations of the remaining network species constant. In an experimental setting, errors in inferred network connectivity matrix/interaction maps may arise from data limitations, violations of the reverse engineering assumptions, or insufficient network perturbations. To gain an understanding of these sources of error, we performed in silico benchmarking studies.
We investigated both the accuracy of the inferred interactions as well as scaling properties by applying the modular approach to realistic gene regulatory network models of varying complexity, specifically three-gene ten-gene regulatory networks described in [36] .
The interaction map of the three-gene network was obtained accurately. Importantly, interactions of similar strength and directionality were obtained regardless of whether protein or mRNA species were used as communicating intermediates. While most of the network interconnections were successfully recovered for the more complex ten-gene network, some limitations of the reverse engineering method were also revealed. We 21 found that our ability to reverse engineer the network was strongly influenced by promoter saturation, a phenomenon in which small variations in transcription factor levels no longer lead to changes in transcription initiation rates. This is a direct result of the non-linear nature of transcriptional regulation that involves recruitment of the Pol II complex to transcription factor bound promoters. When increasing a transcription factor concentration only marginally increases its probability of promoter binding, it will have a marginal effect on the target gene transcription rate. In the ten-gene model, increasing the concentration of protein A did not markedly change the total concentration of protein B, giving rise to an insignificant inferred A-B regulatory interaction strength when mRNA levels were used as communicating intermediates. Interestingly, when protein levels were used as communicating intermediates, a mutual repression of modules A and B was inferred, which led to the correct prediction of the AB hetero-dimer. These results demonstrate that transcript and protein interaction maps would serve complementary roles in the modular analysis. Promoter saturation also had an interesting impact on genes with multiple regulatory inputs, given that saturation with respect to one regulator may conceal its regulation by others. In the mutual repression motif (C and D modules) of the ten-gene network, module D was not sensitive to perturbations in module C, regardless of the perturbation magnitude, when the dimer F 2 was present in high concentrations. Only by decoupling these modules from the complete network did it become possible to unravel their co-repressive interaction. Yet even in this case it was necessary to apply very large perturbations to module C to observe any response in module D. This result also illustrates the potential importance of large perturbations for generating detectable responses, even though the modular approach was derived for the theoretical case of infinitesimal perturbations. Additionally, the implementation of large perturbations may provide some robustness to measurement noise, given that larger responses will be easier to distinguish from background variation.
The aim of our paper was to examine the scalability and accuracy of the reverse engineering method by performing in silico benchmark analyses. It was instructive to consider the noise-free case, since this represents the "ideal" situation. A natural extension of this work is to perform additional in silico benchmark studies using models that address the stochastic nature of gene expression [36] , as well as studies including simulated measurement noise. In these cases, noise-robust variations on the current modular approach [35] will be suitable. Furthermore, the application of the reverse engineering approach presented here to experimental systems for which a large number of regulatory interactions are known a' priori would be a productive area for future work.
In particular, compendiums of expression profiles for single gene knockouts [48] , transcriptional network structures [3, 46] , and partial protein-protein interaction network data [49] are available for the model organism Saccharomyces cerevisiae and present excellent opportunities for reverse engineering studies. The use of expression data from knockout perturbations that cover a small fraction of the genome, as opposed to the genome-wide finite perturbations considered here, and the formation of network modules from incomplete interaction data, however, present additional theoretical challenges for the modular reverse engineering approach that remain to be addressed. Additionally, the modular approach may inspire experimental designs that seek system-wide finite perturbations and therefore yield data more amenable to reverse engineering, as opposed 23 to being restricted to datasets collected for other purposes. Through additional generalization of our method, and the collection of experimental data designed with reverse engineering in mind, we expect the modular reverse engineering approach will be fruitfully utilized in many future applications. 
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This tested value is very close the calculated r-value of -0.92.
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